Abstract: Functional neuroimaging provides a remarkable tool to allow us to study cognition across the lifespan and in special populations in a safe way. However, experimenters face a number of methodological issues, and these issues are particularly pertinent when imaging children. This brief article discusses assessing task performance, strategies for dealing with group performance differences, controlling for movement, statistical power, proper atlas registration, and data analysis strategies. In addition, there will be discussion of two other topics that have important implications for interpreting fMRI data: the question of whether functional neuroanatomical differences between adults and children are the consequence of putative developmental neurovascular differences, and the issue of interpreting negative blood oxygenation-level dependent (BOLD) signal change. Hum Brain Mapp 31:852-862,
INTRODUCTION
Functional magnetic resonance imaging (fMRI) is a tool that allows scientists and clinicians unprecedented, noninvasive access to brain activity in children. Because fMRI has minimal risk, no known long-term effects, and does not involve radiation, researchers have an alternative to EEG and other surface-based tools to study both structural and functional brain development. In addition, fMRI's high spatial resolution and noninvasive nature makes it well suited for the study of cognition in children. While knowledge about the precise relationship of the fMRI signal to neuronal activation continues to expand [Logothetis et al., 2001; Raichle and Mintun, 2006] , the utility of fMRI for clinical pediatric and developmental cognitive neuroscience is clear.
Despite the promise of functional neuroimaging to study cognitive development, researchers continue to face a number of methodological issues. The goal of the following discussion is to describe some of these issues, their implications, and ideas regarding how to address them. Greater consistency of methods and techniques across laboratories will allow for easier comparison of results and accelerate our understanding of functional brain development.
performance [Brown et al., 2005; Johnson et al., 2002; Palmer et al., 2004; Price and Friston, 1999; Schlaggar and McCandliss, 2007; Schlaggar et al., 2002] . A task that is simple for adults could be much harder for children, or a task designed for children could produce ceiling effects in adults. A discrepancy in performance on the task of interest (as well as any comparison task-see ''the Task B Problem'' later) creates a potential confound in the analysis. In this instance, any differences in activation observed between groups might be due to less successful performance (e.g., inattentiveness, misunderstanding of instructions, and guessing) in one group and not necessarily by a fundamental difference in the way the brains of members of the two groups process the task. This point is important, because if we want to discover group differences in brain processing responsible for producing a particular behavior, we should do our best to increase the chance that we are sampling the brain activity during that behavior. If group task performance is discrepant, there are a number of reasons beyond the fundamental group differences in brain processing related to task implementation, for why this discrepancy could be the case. In studies that do not address the potential confound of performance discrepancies, results must be interpreted with caution. To be clear, understanding the functional neuroanatomical basis of group performance differences is also valuable. The argument here is that by isolating the variables, one can attain the unique contribution of performance or group membership to any differences observed between groups.
The first step in addressing the performance confound is to collect, whenever possible, behavioral data while the subject is in the scanner (i.e., recordings of verbal outputs, eye movements, button presses, etc). Performance metrics should include both accuracy and reaction time. One can argue that response accuracy and response time are nonoptimal surrogates of performance (though chronometrics have certainly provided the means for interrogating cognitive architecture [Posner, 1978] ). Two groups of subjects might be entirely matched on accuracy and response time, yet have two entirely different strategies, whether those strategies are overt or implicit, for task completion [Brown et al., 2005; Schlaggar et al., 2002] . In developmental (and aging) studies, neurobiological differences may bias toward different implicit processing strategies over age [Grossman et al., 2002; Reuter-Lorenz and Lustig, 2005 ]. Group imaging differences, then, could result from one group's unsuccessful implementation of the same or alternate strategy as the other group (i.e., ''the performance confound''), or successful implementation of an alternate strategy (i.e., ''behavioral phenocopy,'' see Interpretation of Group Differences below). When behavioral performance is not different between the groups, but imaging differences remain, the interpretation space is narrowed to consideration of successful, as measured by overt performance, implementation of different strategies. Without overt performance information, there is no means to address a frank performance confound.
Relative to a typical testing environment, the scanner can cause a degradation in performance in subjects of all ages, but children may be more susceptible than adults. Hence, estimates of an individual's performance on the task outside of the scanner cannot be relied upon exclusively to give a good estimate of their performance when the imaging data were acquired. Similarly, it is important to differentiate between correct and incorrect trials of a task, as it has been shown that error-related activity can differentially affect many regions of the brain [Dosenbach et al., 2006; Garavan et al., 2002] , and that there may be group differences in error processing [Rubia et al., 2005; Velanova et al., 2008] . Examination of just the correct trials of a task does not address differences in response times between the two groups. There are well-established age differences in processing speed across a variety of tasks [Kail, 1991] . Thus, reaction time effects are important to distinguish from other types of group activation differences.
Research groups have dealt with performance differences between groups using many strategies. We will discuss four strategies briefly. One common technique is to create equivalent performance by calibrating the demands of the task until the adults and children are performing at a similar level of accuracy and/or reaction time [summarized briefly in Casey, 2002; Kotsoni et al., 2006] . Testing various levels of task difficulty in each of the groups allows for comparison of activity at equivalent performance. For example, one could parametrically manipulate an N-back working memory task to create roughly equal performance between children and adults (e.g., by having children do a 1-back version and adults do a 3-back version). However, this parametric manipulation assumes that the brain activations in the two groups are being manipulated the same way by the different versions of the task. This may be problematic in cases of memory span, for instance, when different list lengths are proposed to emphasize different processes.
Another strategy for addressing performance differences is that of post-hoc ''performance matching.'' In this approach, the groups perform the same task, and any group differences are found. A subgroup analysis is then done by separating groups based on overt performance measures (i.e., reaction time and accuracy) into matched and unmatched sets. Using this approach, we have identified regions that produce group differences only when performance is discrepant between groups, and regions that remain different between groups even when performance is equated [Brown et al., 2005 ; see ''Interpretation of Group Differences'' later]. This approach requires some degree of overlapping performance on the task between the groups, which may not be possible for all tasks. This method has been criticized as selecting for the slowest and dullest adults and the quickest and brightest children in the subgroups. However, it is important to note that the group imaging differences continue to exist in the other subgroups [Brown et al., 2005; Schlaggar et al., 2002] . Also, task behavioral responses are often single ''moment in time'' measures; subgroups, and the overall groups, often can be matched on IQ and other offline assessments suggesting the ''bright/dull'' dichotomy is not inherently built-in to this approach.
A third strategy is to regress performance variables as covariates of interest. Performance regression is often done in conjunction with an age regression, and requires at least some degree of non-collinearity between age and performance [see Fair et al., 2006 for discussion]. Performance regression has the benefit of not reducing power through subgroupings as performance matching analysis can do, but a strong degree of collinearity between age and performance may inflate the variance of the estimate related to each of the factors.
A fourth strategy for dealing with performance issues has been to equate performance between the groups on one task (e.g., picking out the capital letter in a word), while indirectly assessing the group differences on a simultaneously occurring implicit task (e.g., reading). However, this approach raises issues similar to the Task B problem discussed next, in that there is little reason to assume that because the groups are equated on the overt task that they are thus matched on the implicit task.
The ''Task B'' problem
Many neuroimaging studies employ direct comparisons between two (or more) task conditions, such that brain activity during a ''control task'' (Task B) is subtracted from brain activity during a ''higher order'' cognitive task (Task A). The thought is that an appropriate control task will subtract away functional activity common to the two tasks, leaving only activity related to the higher order aspects of Task A (''pure insertion''). The concept of pure insertion is problematic because of its assumptions of linearity and noninteraction between tasks [Friston et al., 1996] . The choice of a control task thus has important consequences on results and their interpretation, particularly in group comparison studies where Task B has the potential to be different between the groups. For example, developmental studies often compare (Task A child -Task B child ) to (Task A adult -Task B adult ), and interpret the results as a straightforward difference between children and adults for Task A. Critically, this interpretation rests on the assumption that Task B is the same in both children and adults , but this assumption may go untested or not be discussed. This assumption is very common in blocked designs. However, if the two groups activate significantly different brain regions (or activate similar regions to different degrees) while performing a control task, the interpretation of group differences in the higher order task will be confounded (see Fig. 1 ). This issue can be addressed in at least two complementary manners. First, one can directly compare the two groups on Task B (Task B adult -Task B child ). A null result in this direct comparison would support the contention that Task B is behaving well as a comparison task. Some might worry that a ''Task C problem'' emerges here such that Task B needs to be contrasted with a lower level task, ad infinitum. The key is that the between-group Task B comparison obviates this need. The point of the between-group Task B comparison is to test the validity of the (Task A child -Task B child ) versus (Task A adult -Task B adult ) construct. Alternatively, or in addition, one can investigate a Task (A vs. B) by Group (child vs. adult) interaction and use post hoc analysis to determine the source of the interaction.
Event-related fMRI designs allow estimation of the hemodynamic response to individual trial types, eliminating the need for subtraction and thus eliminating the Task B problem. When these designs do not assume a shape of response, timecourses of the hemodynamic responses can be evaluated and displayed. Examination of timecourses allows a straightforward quality control assessment to be implemented to ensure appropriate event coding and data preprocessing. Analysis of the timecourses of separate conditions also reveals the direction of hemodynamic response to an event type (positive or negative activity) that other types of analysis (particularly subtraction analyses) can obscure; the direction of the response can be critical to data interpretation (see ''Negative BOLD Activity'' below).
An approach that we often employ begins with the use of an event-related (or a mixed/blocked event-related) design to assess group differences. We model a parameter for every time point in the time course of each transient event type (e.g., correct vs. incorrect responses, different item types) thus estimating the magnitude at each of the points while making no assumptions about the precise shape of the response [Corbetta et al., 2000; Shulman et al., 1999] . From here, a significant main effect of time from an ANOVA analysis can be conducted at the voxel level or by using experimenter-defined regions. A significant effect indicates that the hemodynamic response deviates significantly from zero (i.e., is not flat), and can be interpreted as an activation or deactivation. A significant interaction of any other factor with time implies a significant variation in the hemodynamic response across the levels of that factor. This approach allows for independent assessment of both Tasks A and B and their effect across the groups.
Group Differences Beyond Task Performance
The vasculature argument One critique of developmental imaging is that the differences observed between children and adults are due to differences in neurovascular coupling that underlie the BOLD signal, and thus are artifacts. This concern, it seems, is motivated by the fact that the precise relationship between neural activity and BOLD signal is not well understood. BOLD is an indirect measure of neural activity, relying on local net increase in blood oxygenation to provide the contrast used in fMRI studies. If it turns out that the relationship between neuronal activity and BOLD signal generation has a developmental timecourse then, the argument goes, it cannot be ruled out that group differences are due to developmental changes in vascular physiology (as opposed to neural information processing).
This scenario seems highly unlikely based on at least four sets of observations. First, when children and adults are put in a common atlas space and perform a simple visual task, timecourses are similar in children and adults in regions located across three different vascular distributions [i.e., motor cortex, middle cerebral artery; supplemental motor area, anterior cerebral artery; and visual cortex, posterior cerebral artery; Kang et al., 2003 ]. Second, both increases and decreases in brain activity between age groups are often observed from performance of the same task [Bunge et al., 2002; Konrad et al., 2005; Velanova et al., 2009] . Increases and decreases in BOLD are seen even when there are no performance differences between groups, and, importantly, much of the brain BOLD activity is the same between groups [Brown et al., 2005; . Third, different tasks can result in different relationships of activity between children and adults within the same region (see Fig. 2 ). In some cases, adult vs. child activation relationships go in opposite directions based on the task (e.g., BOLD activity in a region can be greater in children than adults during one task, but be greater in adults than children in a different task). Such manipulations of activity should not be possible if the differences in brain activity over age were due to neurovascular effects. Fourth, across the emerging developmental cognitive neuroscience literature, the location of group differences is task-dependent, not task-independent. A developmental difference in neurovascular coupling cannot account for this array of observations.
Head size and movement
Children have slightly smaller heads than adults [although 7-year-olds' brains are 95% of adult size, and Developmental differences are not vascular. This figure demonstrates the peak magnitude of BOLD activity observed for a right extrastriate region (A), and a left angular gyrus region (B), for two separate tasks. (A) In the right extrastriate region, a study of aloud verb, opposite, and rhyme generation to visually presented words produced greater activity in 32 children (ages 7-10 years) than in 26 adults (ages 18-32 years). However, this same region produced greater activity in 35 adults (ages 21-29 years) during a picture semantic judgment task compared with 45 children (ages 7-9 years). Showing a double dissociation of BOLD signal change between similarly-aged children and adults for different tasks is not readily explained by vascular effects. (B) In a high-frequency word reading task, 25 children (ages 7-10 years) have positive activity in a region of the left angular gyrus, while 25 adults (ages 18-32 years) do not significantly activate the region. However, when this region was applied to the groups who performed the picture judgment task (described for A), activity in this region was significantly negative for both groups. These demonstrably different directions of BOLD activity within similarly-aged children is not readily explained by vascular effects.
r Considerations in Developmental Neuroimaging r r 855 r have adult-level gyrification; Armstrong et al., 1995; Caviness et al., 1996; Giedd et al., 1999; Lenroot and Giedd, 2006] . Children also tend to move more in the scanner [Brown et al., 2005; Yuan et al., 2009] . Both of these issues can cause increased and potentially, systematic variability (i.e., colored noise) in the data. For the appropriate age groups, experimenters can minimize the impact of head size by putting adult and child data into a common space (see ''Common Atlas'' section below). Head size can also be measured, and its impact on results can be assessed using subgroupings based on head size. Similarly, grey matter density could be compared between groups using voxelbased morphometry [Ashburner and Friston, 2000] .
Movement during scan acquisition can be dealt with using a number of techniques, including vacuum pillows, masks, and other head restraint systems [Burgund et al., 2002; Mathur et al., 2008; Raschle et al., 2009] . In addition to appropriate movement training and head movement restriction during scans, we measure movement in six different parameters (x, y, and z directions in millimeters, and degree of rotation around x, y, and z axes) on a frame-by-frame basis during all scan sessions. Typically, any participant who moves more than a given threshold is removed from analysis. We also check separately to ensure that no movement is strongly correlating with signal estimates. Other techniques include creation of movementmatched and nonmatched subgroups to show that the results are not due exclusively to movement, or regression of movement as a covariate of no interest in the initial single-subject general linear model.
Statistical power, variability, and success rate Sufficient power to detect subtle differences between groups is critical to successful neuroimaging studies. Recent articles have highlighted the importance of large groups and independent replication to avoid erroneous results [Ihnen et al., 2009; Thirion et al., 2007] . Developmental studies should thus plan on recruiting relatively large numbers of subjects to achieve appropriate power [the calculation of which has recently been made easier by Mumford and Nichols, 2008] , as well as striving for replication of results.
Experimenters conducting developmental studies are familiar with the lower successful scan rate in children compared to adults. The lower rate of success can be due to movement or performance difficulties as described above, or due to related incomplete scan sessions. We use a realignment protocol that allows children to leave the scanner for a break with minimal difficulties in acquisition, but some children, particularly those with developmental disorders, or ages younger than 7 years, are still not always successful at completing an entire scan session. This issue has been examined by Yerys et al. [2009] , and their data suggests acquiring at least 10-15% more children than adults to have equal group acquisition. The number of extra subjects needed goes higher with any disorder or younger age [O'Shaughnessy et al., 2008; Yerys et al., 2009] .
The likelihood of successful scan acquisition in children can be improved substantially by including a practice session with a ''mock'' scanner prior to the actual scan [O'Shaughnessy et al., 2008; Raschle et al., 2009] . Inclusion of movement training, perhaps using a motion sensor that interrupts a video the child is watching while in the mock scanner, might also help children understand the importance of holding still.
Optimizing and Interpreting Developmental Group Differences

Direct comparisons and common atlas space
Functional neuroimaging, as with any experimental approach, should always strive to be as objective and statistically valid as possible. Thus direct statistical comparisons of the data should be the gold standard of group comparisons. Side-by-side pictures of groups thresholded at the same level can be informative at a qualitative level, but no firm conclusions about group difference should be drawn without a probabilistic measure of the reliability of the similarities and differences in activation across groups.
Direct comparison generally requires the use of a common atlas or some other cross-subject registration. When developmental imaging was starting, it was unclear if child and adult brains were too dissimilar to share a common atlas. However, numerous studies have now had great success showing minimal warping differences when putting children (i.e., 7 years old) and adults into a common atlas [Burgund et al., 2002] . This approach allows the direct statistical comparison via standard analysis techniques. Alternatively, a direct comparison of anatomicallydefined regions of interest could be done on an individual subject level without common atlas registration.
Voxel counting, where voxels (three-dimensional pixels) active over a given threshold form a region of interest and are counted for each group, however, fails to account for information about the variability and magnitude of the brain activity in each group. It thus does not take full advantage of the data available, and produces less than optimal statistics [e.g., see Cohen and DuBois, 1999] .
Interpretation of group differences
When differences in performance and the other factors discussed above are accounted for, remaining group differences can imply different brain processing for a given task over age. As described by Schlaggar and McCandliss: ''The presence of regions of the brain that show functional activation differences between adults and children, even when performance dynamics are matched, can be considered a behavioral phenocopy; the notion that identical performance is observed across groups yet is supported by different underlying neural mechanisms'' [Schlaggar and McCandliss, 2007] .
r Church et al. r r 856 r Some might argue that activation differences in the absence of any behavioral difference are of little relevance. We take a complementary position; when performance discrepancies between children and adults are absent (or minimized), the investigator has an excellent opportunity to measure brain processing differences that are most likely related to maturational effects, independent of accuracy or speed. As Johnson et al. have argued, the precise structure-function organization of the brain is not static over development; functional interactions and relationships reorganize over age in both typical and atypical development. Behavioral phenocopy reveals the added benefit of functional neuroimaging toward elucidating the developmental changes of cognitive processes in typical and atypically developing populations [Johnson et al., 2002; Schlaggar and McCandliss, 2007 ].
An alternative technique: Resting-state functional connectivity
It is interesting to note at this juncture that a relatively new form of image analysis has arisen which allows Similar task activity is supported by different network relationships. A region in the dorsal anterior cingulate/medial superior frontal cortex was not significantly different between children (ages 7-10 years) and adults (ages 18-32 years) for controlled lexical processing tasks (green regions on brain) [Brown et al., 2005] . When this region (circled in red) was incorporated in a larger resting-state functional connectivity analysis, it was found to shift membership from a community of regions comprised of other frontal regions (blue outer rings of regions, top panel, 60 children ages 7-9 years), to being part of a putative task control network (black colored regions, bottom panel, 60 adults ages 22-31 years) . Circles on the two graphs represent seed regions, with the center color reflecting mature network relationships, and the outer ring color reflecting anatomical location. Center colors: yellow is the fronto-parietal control network, black is the cingulo-opercular control network, red is the default network, and blue is the cerebellum. Outer ring colors: cyan is frontal, salmon is subcortical, gray is parietal, green is temporal, and magenta is cerebellum. Lines represent correlations between pairs of regions at a threshold greater than 0.10, where line thickness scales by the strength of correlation. See Fair et al. [2009] , for the full description and a movie of the transitions of networks from child to adult.
r Considerations in Developmental Neuroimaging r r 857 r comparison of groups with minimal task performance demands [Biswal et al., 1995] . Resting-state functional connectivity MRI (rs-fcMRI) examines the low-frequency spontaneous BOLD signal fluctuations that occur when a subject is resting in the scanner for several minutes [Biswal et al., 1995; Cordes et al., 2000; Damoiseaux et al., 2006; Dosenbach et al., 2007; Fair et al., 2007b; Fox and Raichle, 2007; Fox et al., 2005; Lowe et al., 1998 ]. It is hypothesized that correlations in this signal between different regions of the brain reflect the regions' functional relatedness over time Fox and Raichle, 2007] . This analysis of the BOLD signal has been of particular interest to investigators interested in typical and atypical development because of the lack of task demands Fair et al., 2007a Fair et al., , 2008 Just et al., 2007; Kelly et al., 2007] . A typical analysis examines regions of interest and correlations of their BOLD signal timecourses with those of other regions. Using graph-theory metrics [Honey et al., 2007; Karrer et al., 2008] , putative network relationships can be discovered and directly compared between groups Fair et al., 2007a Fair et al., , 2009 . As widespread interest in this type of analysis is relatively recent, many fundamental questions are open to exploration. Investigations are ongoing to explore the effects of physiological factors (e.g., heart rate and respiration) on the lowfrequency BOLD signal, as well as how these factors might change between groups or over development [e.g., Chang et al., 2009; Jones et al., 2010; Thomason et al., 2005] . It is also possible that there are systematic group differences or developmental differences in the ''performance'' of quiet rest. Future investigations should clarify these questions. The analysis of rs-fcMRI data includes a rapidly developing set of techniques that illuminate developmental change in the functional network organization of brain regions. This additional information can generate new questions and help to contextualize the similarities and differences found in task data over development.
A particularly exciting finding revealed by rs-fcMRI studies is that even if no age or performance effects are demonstrable in an fMRI activation study, that this does not mean from a network level view that no developmental effect is taking place. For example, a region in dorsal anterior cingulate/medial superior frontal gyrus (dACC/ msFC) was shown to have no significant differences due to age or performance in an fMRI study of reading-related tasks [Brown et al., 2005] . However, in a rs-fcMRI study of regions involved in two putative control networks, the same region is part of one control network in children, and part of the other control network in adults [see Fig. 3 ; Fair et al., 2007a Fair et al., , 2009 . Thus, while the nature of the taskrelated BOLD signal did not vary by age or performance, the patterns of functionally stronger inputs and outputs in the dACC/msFC region likely differs over age, and this difference may change (a) the information processing that occurs in this region or (b) information processing in other regions which are functionally related to the region. This point illustrates how information from multiple analysis techniques can inform our understanding of development and provide more nuanced interpretations of the data.
Negative BOLD Activity
Keeping in mind the neurophysiological constraints of the brain is an important principle for all investigators using human neuroimaging techniques. This principle may be particularly important when comparing groups such as adults and children. While the current spatial resolution of fMRI images necessarily means that we sample from many communities of neurons within a single voxel, it is the parenchymal features that ultimately constrain what can be seen with BOLD contrast-derived signals. Widely recognized by neurophysiologists, but largely unrecognized by neuroimagers, is the fundamental observation that neurons have a baseline rate of firing, and that activity can both increase and decrease from that base rate [Hubel and Wiesel, 1962; Kandel et al., 1991] . The brain is therefore far from silent at rest, and has significant intrinsic activity going on at all times, which may be critical to optimize the way the brain can respond to changing inputs [Chance et al., 2002; Ho and Destexhe, 2000] .
When we use BOLD activity measurements to study the brain, we are using an indirect measure of neuronal activity. Though still an area of active investigation, BOLD signal appears to be most related to local field potentials, reflecting primarily the sum of synaptic activity in a volume of neural tissue, and to a lesser extent the spiking (action-potential) outputs [Logothetis, 2003; Logothetis et al., 2001; Mukamel et al., 2005; Raichle and Mintun, 2006] . Postsynaptic potentials (PSPs) comprise the major [Logothetis, 2007] . It logically follows since BOLD activity is related to PSPs, a decrease in PSPs could lead to a decrease in the BOLD signal, and an increase in PSPs could lead to an increase in BOLD signal. The relationship of BOLD to LFPs thus means that BOLD has a greater dynamic range for negative signals than if it was only related to measures of spiking neurons.
And, in fact, there are locations in the brain where cells have a relatively high resting firing rate and then decrease firing as an integral part of a functional network. A classic example is the substantia nigra pars reticulata (SNpr). Inhibitory neurons project from the SNpr to the superior colliculus. Inhibitory activity results in high metabolic needs that could result in an increase in the BOLD response akin to excitatory activity. When the firing rates of these SNpr neurons decrease, saccadic eye movements mediated by the superior colliculus are facilitated [Hikosaka and Wurtz, 1983] . In other words, the decrease in firing rate of neurons in the SNpr inhibits the inhibitory braking effect its efferent projection has on the superior colliculus. In principle, BOLD imaging of the SNpr during a saccade task might reveal decreased signal from baseline, while imaging of the superior colliculus might reveal increased signal. This decrease in firing rate during a task is not just found in basal ganglia and midbrain structures, but also in the cerebral cortex.
Cortical decreases in activity have been recently described in the midline parietal cortex [Hayden et al., showing the rapid changes in firing rates associated with task performance, our results significantly advance functional understanding of CGp and, by extension, the default network. More fundamentally, these data confirm the idea that metabolic and hemodynamic changes associated with default processing reflect underlying neurophysiological events and confirm that the default network is homologous in humans and monkeys'' [Hayden et al., 2009] .
The observation that some neurons, such as those that provide inhibitory afferent tone to their targets, facilitate target activity when they decrease firing rate seems to have been lost in recent times in human neuroimaging. There is a general lack of recognition of negative BOLD activity as something different from positive BOLD activity, and as a result, neurobiologically implausible graphs have recently been published. These graphs often depict apparently negative BOLD change during a condition, but this is never acknowledged and indeed is often disguised with the use of a new, artificial baseline at a negative number instead of zero. This both partially obscures the negative activity (looking at first glance like positive change in BOLD), and mistakenly assumes the traditional zero baseline is arbitrary (see Fig. 5 ). There is also a fundamental problem where a lack of change between two conditions is interpreted as reflecting the maximum level of processing, but where a negative deflection is interpreted simply as less overall activity in the task of interest. For example, in the case of the SNpr, target-directed saccadic activity would be viewed as overall lower level processing than inter-saccade visual fixation to explain how BOLD would decrease from fixation to saccade in the SNpr. This improbable conceptualization necessitates a floating baseline, forcing negative changes to appear positive. The implausibility of the floating baseline is more obvious when one plots the effect as a timecourse. For the timecourse, the floating baseline must be (1) recalibrated at each moment during the timecourse, and (2) belies the actual estimated shape of the timecourse (see Fig. 5 ).
Gain and loss of money can be similar to the increase and decrease of BOLD signal. Without having a zero with which to refer to the direction of change, one can be fooled into a misinterpretation of ''loss'' as a ''gain'' like two stockbrokers, both having lost money in the stock market, declaring the one of them who has lost less money the ''big winner.'' By acknowledging a baseline level of activity, investigators then are well positioned to use neurophysiological constraints to help contextualize data interpretation when timecourses of BOLD activity are actually less during a task than during rest.
CONCLUSIONS
In conclusion, there are many challenges that developmental researchers face when conducting functional neuroimaging studies. These challenges are not unique to developmental scientists; those investigating cognition across the lifespan as well as those comparing typical and atypical populations face them. While the research question should always drive the experimental approach, to be successful, many different aspects of a study, from acquisition, to atlas alignment, to statistical group comparisons, must be dealt with effectively. Neurophysiologically-constrained interpretation of BOLD signal effects is paramount. Functional neuroimaging provides a remarkable tool to allow us to study cognition across the lifespan and special populations in a safe way. However, while the methods for generating brain images are accessible, that very accessibility can belie the complexity of the work to be done-from initial design to data interpretation.
